ABSTRACT Super-resolution ultrasound (SR-US) imaging technique overcomes the acoustic diffraction limit and greatly improves the spatial resolution. Furthermore, by exploiting temporal fluctuations in microbubbles, a super-resolution fluctuation imaging (SOFI) method has also been used to improve the temporal resolution of SR-US. However, this is at the expense of the reduction of spatial resolution. To address this problem, in this paper, a temporally correlated multiple sparse Bayesian learning (TMSBL) method is introduced to SR-US. Since TMSBL takes advantage of both the temporal correlation between successive frames and sparsity priors of microbubbles, it provides the possibility to obtain an enhancement in spatial resolution compared to SOFI (only considering the temporal fluctuations). To evaluate the performance of the proposed method, two types of numerical simulation and one physical phantom experiment were performed. Especially, we also investigate the effect of US imaging modes on the performance of SR-US implemented by TMSBL, where US data were acquired from the plane wave (the high imaging speed and the low spatial resolution) and synthetic transmit aperture (the low imaging speed and the high spatial resolution) scan, respectively. The experimental results show that compared to SOFI method when using the proposed TMSBL method, the imaging spatial resolution of SR-US can be improved. In addition, the imaging performance obtained by TMSBL can be hardly affected by US imaging modes. As a result, by combining with plane wave scan, TMSBL provides the potential in enhancing the spatial resolution of SR-US while maintaining a desired temporal resolution. 
I. INTRODUCTION
Ultrasound (US) is a widely used clinical imaging technique [1] , [2] . However, like other wave-based imaging techniques, the spatial resolution of US is impeded by the fundamental limits of acoustic diffraction [3] - [5] . This limits its application in clinical and preclinical field.
To solve the problem, recently, super-resolution ultrasound (SR-US) imaging technique has been proposed [3] - [10] . By using the single emitter localization methods combined with contrast agents (e.g., microbubbles), SR-US overcomes the acoustic diffraction limit and can non-invasive imaging of vascular structures at the capillary level, providing a
The associate editor coordinating the review of this manuscript and approving it for publication was Zehong Cao. strong basis for medical diagnosis and treatment. However, the premise of obtaining the super-high spatial resolution is that the microbubbles in each US frame have to be sparsely distributed so that their positions can be identified by the localization methods [5] , [6] , leading to a long data acquisition time.
The similar problem has also existed in super-resolution optical microscopy (SR-OM) [11] , [12] . In SR-OM, by exploiting the temporal fluctuations in optical signals, a technique, termed as super-resolution optical fluctuation imaging (SOFI) [13] - [15] , has been proposed to reduce the data acquisition time. Considering that in SR-US, the movement of microbubbles can also generate the temporal fluctuations in acoustic signals, which is analogous to the blinking of emitter in SR-OM, SOFI has also been introduced to SR-US to improve the temporal resolution [16] - [18] . But, SOFI only takes into account the temporal fluctuations. As a result, its performance can be surpassed by other methods that consider all available prior information. In SR-US, we can observe that microbubbles in imaging domain are generally very sparse. As a result, by using sparse prior, the imaging performance of SR-US can also be improved [9] , incorporating the compressive sensing (CS) technique [19] - [22] . Inspired by the concept of SOFI and CS, it is possible to enhance the spatial resolution of SOFI while maintaining a desired temporal resolution, by taking advantage of both the temporal correlation and sparse priors of microbubbles.
Based on the above consideration, in this paper, we propose a new method, termed as, temporally correlated multiple sparse Bayesian learning (TMSBL) method. Note that in TMSBL, it not only uses the temporal correlation between successive frames, but also uses the sparsity of microbubbles [23] , [24] . Comparably, SOFI only considers the temporal fluctuations, while the sparsity of microbubbles has not been used. As a result, TMSBL provides the possibility to obtain an enhancement in spatial resolution compared to the basic statistical fluctuation analysis of SOFI. In addition, a short acquisition time of data is also important for SR-US. In US, plane wave (PW) technique can implement a ultrafast US imaging [25] . But, the spatial resolution of PW is relatively low due to the use of unfocused beams on the transmit channel, which may affect the obtained imaging performance of SR-US. To clarify the problem, in this work, we especially investigate the effect of different US imaging modes [synthetic transmit aperture [26] (STA, the high spatial resolution) and PW (the low spatial resolution)] on the imaging performance of SR-US implemented by TMSBL method.
To evaluate the performance of the proposed method, two kinds of numerical simulations and one physical phantom experiment were performed. In the first numerical simulation, a simple point phantom model was generated, which was used to evaluate the capability of the proposed method in identifying the high density microbubbles. In the second numerical simulation, a complex vascular network model was generated, which was used to evaluate the performance of the proposed method in imaging the complex vascular network. In the above two models, US images were acquired by PW and STA, respectively. In the physical phantom experiment, a self-made phantom model was used to evaluate the performance of the proposed method in practical applications. The experimental results indicate when using the proposed TMSBL method, the obtained spatial resolution is superior than those obtained by using SOFI method, where the high density microbubbles and the complex vascular network can be accurately resolved. In addition, when using the TMSBL method, the localization accuracy of SR-US is similar, regardless of whether the US data are acquired from STA or PW. As a result, by combining with PW transmission technique, TMSBL provide a potential in enhancing the spatial resolution of SR-US while maintaining a similar (or better) temporal resolution compared to SOFI, which is suited for fast SR-US imaging study.
The paper is organized as follows. In Section II, the relative methods are described. In Section III, the numerical simulations and the physical phantom experiment are shown. The experimental results are shown in Section IV. Finally, we analyze and summarize the results in Section V.
II. THEORY A. US IMAGING MODEL
In US imaging, the acquired data can be described as a convolution of the point spread function (PSF) of imaging system with the imaged object structure, as follows,
where y k (x, z) describes an acquired US image with x and z being spatial coordinates at time k. h(x, z) represents the PSF of ultrasound system. ξ k (x, z) describes the structure of imaged object. Further, when US imaging the movement of microbubbles in tissues (e.g., vascular network), as shown in Fig. 1 , at each measured time point, ξ k can be described as follows,
where b k (x, z) describes the random distribution of moving microbubbles in vascular network at time k [ Fig. 1(b) , the red points]. i(x, z) describes the structure through which microbubbles move [i.e., the vascular structure; see the white regions shown in Fig. 1(a) ]. Thus, the each measured US image y k can be described by the following equation,
For the entire imaging processes, the obtained image sequence Y = [y 1 , y 2 , . . . , y L ] can be described as follows,
where H represents the convolution matrix of h. B is a matrix whose columns are composed of b k . I is a diagonal matrix representing the imaged object structure. For SR-US, the main goal is to estimate the unknown target structure I (beyond the acoustic resolution limit) from all measurement data Y = [y 1 , y 2 , . . . , y L ] based on Eq. (4). For simplicity, in this work, we only focus on 2-D SR-US. In principle, the same analysis can also be performed in 3-D US.
B. SOFI METHOD
Considering that in SR-US imaging processes, movements of microbubbles in different blood vessels can cause the temporal fluctuations between frames, by exploiting the temporal fluctuations in b k (x, z), SOFI has been introduced to US imaging to overcome the acoustic diffraction limit and improve the spatial resolution of US [16] - [18] . In addition, in view of the highly overlapping microbubbles in each frame can be seperated by SOFI, it reduces the number of frames used to implement SR-US, leading to a fast SR-US imaging. But, SOFI only performs statistical analysis based on time fluctuation, so its performance may be inferior to other methods which take into account all available prior information, e.g., the characteristics of the imaging object and the imaging system.
C. TMSBL METHOD
Note that in SR-US, microbubbles in imaging domain are generally very sparse in each frame. As a result, the sparse prior can also be introduced to US to improve the imaging performance of SR-US, as demonstrated Shu et al. [9] . Inspired by the concept of SOFI and CS, in this paper, we propose a new method, termed as TMSBL, which takes advantage of both the temporal correlation between successive frames and the sparsity of microbubbles. So, TMSBL provides the possibility to obtain an enhancement in spatial resolution compared to SOFI.
In Eq. (4), Y is a multiple vectors (y 1 , y 2 , . . . , y L ), which is characterized by different vectors ξ 1 , ξ 2 , . . . , ξ L , but with the same weight matrix h. It can be regarded as multiple measurement vector (MMV) model [24] . Many methods have been proposed to recover the most sparse solution of the MMV problem. Here, we use a method called TMSBL (temporally correlated multiple sparse Bayesian learning), which can make full use of both time fluctuation information between adjacent frames and the inherent sparsity of the measurement data.
Briefly, under the Bayesian framework, solving the undetermined Eq. (4) can be transformed into solving the following posteriori probabilities [24] ,
Assumes signal and noise both conform to Gauss distribution, the posterior density of the ith column of ξ can be described as follows [24] ,
with mean and covariance given by:
and σ is the variance of noise. γ represents the sparsity of ξ , which is important to the recovery performance of TMSBL. To obtain a faster convergence, referring to [23] , γ is updated by the following equation,
Here, the number of iterations k is set to 20, which is selected experimentally based on the results. After that, the estimated real structure of the imaged object I was obtained by calculating the standard deviation of rows in µ, as follows,
More detailed information on TMSBL method can be referred in [23] .
III. IMPLEMENTATION
To validate the imaging performance of TMSBL method in SR-US, two numerical simulations were performed. One was used to evaluate the capability of TMSBL in identifying the high density microbubbles, and the other was used to evaluate the performance of TMSBL in imaging the finer vascular network. In addition, considering that in US imaging, PW mode has the fastest acquisition time of data, which is helpful for implementing ultrafast imaging. But, the spatial resolution of PW is relatively low, which may affect the obtained imaging performance of SR-US. Comparably, STA has the high imaging quality. Here, in the above two simulations, US data were acquired from STA and PW scan, respectively, to investigate the effect of US imaging mode on the imaging performance of SR-US.
A. NUMERICAL SIMULATION 1) CASE I. A PHANTOM MODEL WITH THE HIGH DENSITY MICROBUBBLES
Firstly, we evaluate the feasibility of TMSBL in identifying the high density microbubbles. In this case, two similar phantom models were generated. As shown in Fig. 2 , the phantom model composed of some points placed at equal intervals along a line. Considering the difference of PSF between PW and STA, 24 points were set in STA mode and 10 points were set in PW mode, respectively. These point scatterers can be seen as microbubbles in tissues, which are located close to each other and cannot be separated in the general US image.
To simulate the temporal fluctuations of microbubbles in the phantom, a series of US data (totally in 1000 frame) were generated. Briefly, in each imaging time (frame), for PW mode, 3 points were randomly selected. For STA mode, 5 points were randomly selected. After that, US image was obatined by convolving the imaged structure with PSF of PW (STA). In addition, a Gaussian white noise with a signalto-noise ratio (SNR) of 30 was added to the generated US signals to simulate the noise effect. Repeated the above procedure 1000 times, and we obtained 1000 frame PW (STA) images, which were used to mimic the fluctuation of microbubbles in imaging processes. Finally, the 1000 frame image would be used as the input data of SOFI and TMSBL.
Here, the PSF was obtained by Field II. Briefly, we firstly created a phantom model which contained 11 point scatterers distributed in a line structure (from 25 mm to 45 mm along the depth of a phantom) with the interval 2 mm. Sequentially, by Field II, for each point scatterer, we obtained the corresponding STA and PW images. After that, for each synthetics STA (PW) images, the parameters of PSF was calculated by Gaussian fitting method. Finally, by averaging over all calculated PSF parameters, the final PSF was generated, which was used in the above numerical simulation. Table 1 summarized all parameters used to achieve the PSF in STA and PW mode.
2) CASE II. A PHANTOM MODEL WITH COMPLEX VASCULATURE NETWORK STRUCTURE
Secondly, we also performed another numerical simulation, which was mainly used to evaluate the ability of TMSBL in imaging the movement of microbubbles through the vascular network. As shown in Fig. 2(b) , the vasculature model consisted of some complex blood vessels, which is created by manually drawing. In each imaging time point (frame), 30 microbubbles were randomly added into the blood vessels. After that, US image was obtained by convolving the vasculature structure with the US PSF (STA and PW). Here, the PSFs were the same as those used in Case I. In addition, a Gaussian white noise was added to simulate the noise effect (SNR = 30). The above process was repeated 1000 times. Finally, 1000 frame STA (PW) US images were obtained, which was used to simulate the fluctuations of microbubbles in the complex vasculature.
B. IN VITRO PHYSICAL PHANTOM EXPERIMENT
As shown in Fig. 3 , in the self-made phantom model, the microbubble solution (SonoVue, Bracco, Italy) flows through a channel with a diameter of ∼200 µm. A L10-5 transducer with 128 elements (Jiarui, China) connected to a multichannel acquisition system (Vantage 256 Standard, Verasonics, USA) was used to acquire US images. In the imaging processes, the linear array transducer was placed over the phantom, and its center frequency and sampling frequency were set to 7.5 MHz and 30MHz, respectively. A dilute suspension containing 3 × 10 7 microbubbles per ml flown through the channel at a rate of 7 ml per minute, which was controlled by a syringe pump. This phantom model was scanned by PW at with a frequency of 2000 Hz. The backscattered signals were collected and then beamformed by delay-and-sum method. After that, the singular value decomposition was used to eliminate background noise and extract microbubble information of interest. 24 microbubbles, and then they were convoluted with STA PSF, followed by adding a Gaussian white noise. Fig. 4(d) shows a superimposed temporal average of all 1000 frame images. The results indicate that the 24 adjacent microbubbles cannot be resolved in the mean US image. To improve the spatial resolution, TMSBL and SOFI methods are used, respectively, and the imaging results are shown in Fig. 5 . The 1st row of Fig. 5 shows the results of SOFI, obtained by using 2nd-, 3rd-, 4th-order SOFI, respectively, where the 1000 frame STA images are used as the input data. Fig. 5(d) shows the imaging result obtained by TMSBL method from the same US dataset. Further, Fig. 5(e) quantitatively compares the imaging performance obtained from TMSBL and 2nd-order SOFI in the simulated phantom model. The results indicate that as expected, the spatial resolution of US can be improved, with the increase of SOFI order number. But, even if using 4th-oder SOFI, we can hardly resolve the adjacent microbubbles. Comparably, when using the proposed TMSBL method, all 24 microbubbles along the line can completely distinguished with the location error being 0 mm. Here, the distance between the reconstructed position and the real position of the microbubbles is used as the location error. Similarly, Fig. 6 shows the synthetic US images, but from PW imaging mode. Figs. 6(a)-(c) shows three synthetic PW US images. In the case, for each frame, 3 microbubbles were randomly selected from 10 microbubbles, and then was used to image. Fig. 6(d) shows a temporal mean image of all 1000 frame PW images. The results show that these points cannot be resolved in the average image. Fig.7 compares the imaging results of TMSBL and SOFI methods, respectively. Figs. 7(a)-(c) show the imaging results, obtained by 2nd-4th order SOFI, respectively. Comparably, Fig. 7(d) shows the result of TMSBL, where the same input dataset are used. Fig. 7 (e) quantitatively compares the imaging performance obtained from the TMSBL and 2nd-order SOFI methods. Similar to case used in STA, the results show that TMSBL has a better imaging performance than SOFI, where all 10 microbubbles can be completely resolved with the location error being 0 mm. Fig. 8 shows the synthetic US images from the complex vasculature model, which are acquired by STA and PW modes, respectively. The 1st row of Fig. 8 shows the US images obtained by STA mode. Comparably, the 2nd row of Fig. 8 shows the synthetics PW US images. Figs. 8(c) and (f) show the corresponding temporal mean images. As expected, when using PW scan, the network of the blood vessels cannot be clearly resolved in the mean image. Even if using STA scan, the obtained temporal image has also a lower spatial resolution compared to the real structure.
IV. RESULTS

A. EVALUATING THE PERFORMANCE OF TMSBL IN IDENTIFYING THE HIGH DENSITY MICROBUBBLES
B. EVALUATING THE PERFORMANCE OF TMSBL IN RESOLVING COMPLEX VASCULATURE NETWORK
To improve the imaging performance of US and implement a SR-US imaging, SOFI and TMSBL methods are used, respectively, where the synthetic 1000 frame images are used as the input data of the above two methods. Fig. 9 shows the corresponding imaging results in STA mode. Considering that the imaging spatial resolution can be further improved by using the high-order SOFI (see the results in Case I), in Case II, only the imaging result of 4th-order SOFI is shown. The results indicate that compared to SOFI, the spatial resolution of SR-US can be improved when using the proposed TMSBL method. To clearly make the difference, we select two rectangular regions in the imaging results and magnify them, as shown in Figs. 10(a)-(d) . In addition, we also quantitatively compare the imaging results obtained by the above two methods. The results are shown in Figs. 10(e) and (f). These results further confirm the conclusion, when using the proposed TMSBL method, the imaging performance can be improved, compared to SOFI. Fig. 11 compares the imaging results of TMSBL and SOFI in PW mode. It is noteworthy that in the PW mode, even if using SOFI method, the obtained spatial resolution of SR-US is also low. Comparably, when using the proposed TMSBL method, the complex vascular structure can be resolved. Fig. 10 . (e) and (f) Comparisons of cross-sections of 4nd-order SOFI, TMSBL, and temporal mean image along the white dotted line in the lateral and axial direction (see Fig. 10 ). Fig. 12 quantitatively compares the imaging performance of SOFI and TMSBL, respectively. Figs. 12(a)-(d) show the magnified views of the rectangular regions outlined by the white rectangles in Fig. 11. Figs. 12(e) and (f) compare the cross-sections of 4nd-order SOFI and TMSBL methods along the white dotted line in the lateral and axial direction. The results show when the vessels are relatively close, SOFI cannot completely separate them. But when using TMSBL method, the complex vascular structure can be clearly resolved. In addition, we can also observe the imaging quality of SOFI is greatly influenced by the imaging mode of US. Comparably, regardless of whether PW or STA mode is used, the imaging results obtained by TMSBL are similarly.
C. EVALUATING THE EFFECT OF PSF ON SR-US IMAGING PERFORMANCE IMPLEMENTED BY TMSBL
When using TMSBL, PSF is an important factor which may affect the obtained imaging performance. Considering that there might be some extent of variances between the acquired and the true PSF in experiments, here, we demonstrate the effect of PSF on SR-US imaging performance. where the inaccurate parameters of PSF is used in the reconstruction. As an example, in this case, in the reconstruction of TMSBL, the parameters of PSF (δ x and δ y ) are both decreased 10%. The results suggest that when using the inaccurate PSF, the imaging quality of SR-US obtained by TMSBL will decrease, whatever is the use of STA or PW scans.
D. EVALUATING THE PERFORMANCE OF TMSBL IN PHYSICAL PHANTOM EXPERIMENT
As mentioned above, PSF of US system is important for the SR-US imaging performance implemented by TMSBL. To better approximate PSF in the physical experiment, here, an average PSF was considered as the PSF of US system, which was obtained by fitting the 2D Gaussian functions of 50 single distributed microbubbles from different frames and then averaging them. phantom experiment. Fig. 15(a) shows the SR-US result obtained by SOFI. Comparably, Fig. 15(b) shows the SR-US result obtained by TMSBL. Fig. 15(c) compares the imaging results obtained by the above two methods. The experimental results show that when using the TMSBL method, the imaging performance can be improved, compared to SOFI method.
V. DISCUSSION AND CONCLUSION
Super-resolution ultrasound imaging techniques overcome the acoustic diffraction limit, which is helpful for clinical and preclinical application. Further, by exploiting temporal fluctuations in microbubbles, SOFI method has also been used to improve the temporal resolution of SR-US. But, this is at the expense of the reduction of spatial resolution. To address this problem, in this paper, we propose a new method, termed as TMSBL. Since TMSBL method takes advantage of both the temporal correlation between successive frames and sparsity priors of microbubbles, it provides the possibility to obtain an enhancement in spatial resolution compared to standard SOFI (only considering the temporal fluctuations). In addition, a short acquisition time of data is also important for SR-US. In US, PW technique can achieve ultrafast US imaging. But, the spatial resolution of PW is relatively low, which may affect the obtained imaging performance of SR-US. To clarify the problem, in this work, we especially investigate the effect of different US imaging modes [STA (the high-resolution US) and PW (the low-resolution US)] on the imaging performance of SR-US implemented by the proposed method.
Based on the generated results, we can find that even if using STA imaging mode, the high density microbubbles in Case I cannot be resolved in the temporal mean image (see Fig. 4 ). By using SOFI method, the imaging performance can be improved. But, even if using the high order SOFI (e.g., 4th-order SOFI), it is also difficult to clear resolve the adjacent microbubbles. Comparably, by using the proposed TMSLB method, all microbubbles can be accurately identified, regardless of whether using STA or PW imaging modes (see Fig. 5 and Fig. 7) . The quantitative results from Fig. 5(e) and Fig. 7(e) further confirm the conclusion. Similarly, in Case II, the complex vasculature network is well resolved by the proposed TMSBL method. In particular, regardless of whether PW or STA mode is used, the imaging performance obtained by TMSBL is similarly (see Fig. 9 and Fig. 11) . Comparably, even if using high-order SOFI method, it is also difficult to clear resolve the complex vasculature network, especially when using PW imaging mode (see Figs. 9-12 ). The experimental results from a physical phantom model further validate the feasibility of the proposed method in practical applications (see Fig. 15 ). On the other hand, we should note that the imaging performance obtained by TMSBL can be hardly affected by US imaging mode (see Fig. 5, Fig.7 , Fig. 9, and Fig. 11) . As a result, by combining with PW scan technique, the proposed method provide a potential for US imaging with the improved spatial resolution, the shorter acquisition time, compared to SOFI, which is suitable for fast SR-US imaging.
We should also point out that in this work, the numerical simulations and physical phantom experiment are used to demonstrate the performance of TMSBL method in implementing SR-US, which is simpler than the in vivo experimental study. In addition, here, the performance of TMSBL is evaluated by 2-D US images and 3-D SR-US imaging has not yet been achieved. Further, the other factors, e.g., the temporal coherence in US image, the assumptions of a linear imaging system and a spatially invariant PSF in Eq. (3), etc, may affect the obtained SR-UR imaging performance. Finally, it is noticed when TMSBL method is used to implement SR-US, the processing procedure is generally timeconsuming because of the larger weight matrix in Eq. (4). These systematic work will be carried out in the future.
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